Abstract: This paper presents a fuzzy consensus qualitative risk analysis framework to identify and prioritize risks encountered in real estate projects. The framework incorporates consensus and quality of experts in the process of evaluating risk events and it is composed of a fuzzy expert system to determine qualification of experts; a fuzzy distance measurement algorithm to aggregate experts' opinions; and a three-dimensional prioritization approach to rank the risks. A case study incorporates a three-step Delphi technique to collect experts' opinions and compares them to the outputs of the model. The framework identifies and evaluates real estate risks in a fully supported linguistic environment, using fuzzy logic, which addresses the vagueness and imprecision that exist in the decision-making process. It provides an improvement over qualitative risk assessment models by applying the qualification of experts in aggregating their opinions, using FES, instead of relying on an arbitrary assessment of experts' qualifications; and it also modifies fuzzy consensus aggregation algorithms by enabling the aggregation of non-overlapping opinions and applying it to the risk prioritization process.
INTRODUCTION
The real estate industry plays a vital role in enhancing the economy of developing countries. For instance, the Iranian real estate sector contributed to five percent of its gross domestic product in 2008 (Ilias 2008) , while the Turkish real estate industry contributed to the Turkish economy with $10.4 billion of foreign investment in 2008 (Chambers of Turkish Engineers and Architects 2008). The real estate industry is characterized by being uncertain, mainly due to volatility of market demand and high level of uncertainty embodied in real estate construction. Thus, risk management is an essential process in planning real estate development projects, which have a great impact on the construction industry at large.
The Project Management Institute (PMI, 2008) defined six processes to evaluate project risks. The first two processes included risk planning and identification, which are considered the most significant processes in the risk management practice (Ragab 2003; Orabi 2003) . The third process in evaluating risks is the qualitative risk analysis process that extensively depends on expert judgment and historical information to assess the criticality of the identified risks. This process results in developing prioritized lists of identified risks for conducting further quantitative analysis or direct mitigation. Traditionally, the risk management team assesses each identified risk for its probability of occurrence and impact on project objectives (Zabaal 2007) . However, there are many obstacles that may hinder performing the qualitative risk analysis process in most projects, such as (1) inaccuracy of expert judgment, that affects the data collection process, in case that the qualification of experts are not well defined; (2) unavailability of historical information that impacts the risk assessment process; and (3) vagueness that characterizes the overall decision-making process, *Corresponding author, Email: elbarkou@ualberta.ca which may require a specific mechanism that deals with imprecision and uncertainty in the knowledge elicitation process. These obstacles should be properly dealt with in order to produce a reliable prioritized list of risk events. Moreover, while most of the qualitative risk analysis models assess risks in two dimensions (KarimiAzari et al. 2011) , there is a current trend to conduct risk qualitative analysis in three dimensions, which considers detection as a third dimension in prioritizing risks (Waston 2004) . Other risk management processes that follow are quantitative risk assessment, risk response planning, and risk monitoring and control (Project Management Institute 2008) .
This paper proposes a standardized approach for identifying and prioritizing real estate risks, subjectively, to aid real estate project teams in the preliminary stages of the risk management process in the absence of detailed historical data prior to conducting the detailed risk quantification process. The paper also addresses the need to aggregate experts' linguistic ratings of real estate risks that can stimulate expert judgment and deal with the vagueness and imprecision in defining their opinions in a subjective manner. It also incorporates the quality of the experts in the decision making process and it enables real estate experts to prioritize the risks, based on their probability of occurrence, impact, and level of detection.
LITERATURE REVIEW
Expert judgment is a fundamental tool in assessing risks in developing countries due to the scarcity of historical data and lack of essential information databases and other vital sources of knowledge. According to Herrera and Herrera-Viedma (2000b) , "those individuals (experts or decision-makers) are called on to express their opinions on a predetermined set of alternatives in order to select the best one(s)." Different methods that have been proposed by the literature can be used to evaluate and analyze experts' opinions in assessing risks.
A major classification of those methods includes the simple statistical approaches (Zabaal 2007; Orabi 2003; Al-Daoor 2010) . Orabi (2003) studied risks in the Egyptian construction industry, and aggregated expert opinions using descriptive statistics. This method can assist in data organization and analysis and it is fast and easy to apply. However, it cannot deal with the imprecision and vagueness inherited in the risk assessment process and it is limited in aggregating the linguistic opinions of experts, when no numerical data are available.
Another method to qualify risks is the matrix method (Foong and Nordin 2010; Robert 2004; KarimiAzari et al. 2011) . KarimiAzari et al. (2011) studied risk assessment models for the selection of construction projects, using the matrix approach. His work was criticized because he did not provide a clear methodology to incorporate experts' quality in prioritizing risk events. Also, he did not suggest a defined method to aggregate experts' linguistic opinions. The matrix method has some advantages, such as its simplicity, adjustability to fit any project, and its validity as a prioritization tool to analyze risk events. However, this method has some limitations. As it usually fails in determining the amount of required contingency, it cannot be used to support risk-based multi-criteria decision-making and it utilizes a very subjective and inaccurate approach in prioritizing risks.
Another technique is the use of decision trees in analyzing risks (Dey 2002; Sherali et al. 2008; Levner et al. 2007 ). Dey (2002) studied project risk management using a hybrid analytic hierarchical process and decision tree analysis, yet the research study was limited to the data collection stage and it did not incorporate the qualification of experts in aggregating their decisions. Decision trees have some advantages, such as their applicability to combine the probability and impact of risks, and their flexibility in computing various mitigation strategies. However, decision trees have some disadvantages too, such as their need for sufficient historical data. They cannot be used for risk criticality assessment, and they cannot identify the root causes of risks.
The Monte Carlo Simulation is another technique that is used to assess risks (Sadeghi et al. 2010; Javid and Seneviratne 2000; Molenaar 2005 ). This technique is very applicable to contingency modeling and generation of probability distributions. The main limitation of this technique is that it requires huge amount of data and it cannot establish an accurate estimate of the risks.
Another method that is used to quantify risks is the artificial neural networks (ANNS) (Maria-Sanchez 2005; Al-Sobiei et al. 2005; Angelini et al. 2008) . Maria-Sanchez (2005) studied risk assessment for construction project using ANNs. The objectives of her study were to identify the most common risk factors in infrastructure projects, and analyze and evaluate risk impacts to contractor's profit. Her study has proven the reliability of ANNs in the management of risks, and offered contractors with a tool to predict the possible cost of risks. ANNs technique has some advantages. For example, its input and output can be defined subjectively, and there is no need for drawing statistical distributions to those inputs and outputs. However, ANNs technique has been criticized for its inability to explain the logic behind how the model is used to generate outputs and its inability to incorporate risk mitigation strategies. Sensitivity analysis is another method that is used to assess risks (Mokhtari and Christopher 2005; Zwietering and van Gerwen 2000) .
The sensitivity analysis technique has some advantages, such as it provides a better understanding of the project and its risk dimensions, and it enables the rank-ing of risk events in their order of significance. However, the sensitivity analysis method has been criticized for its unrealistic assumption that risk events should take place one-at-a-time.
Another method that is applied to analyze risks is the fault tree analysis (Abdelgawad and Fayek 2011; Song et al. 2009; Yuhua and Datao 2005) . Abdelgawad and Fayek (2011) studied quantitative assessment of risk events in the construction industry, using fuzzy fault tree analysis. Their study presented a comprehensive framework in which experts can use linguistic terms rather than numerals to assess the probability of occurrence of basic events. Their work could be criticized for that they did not provide a clear methodology on how to incorporate experts' qualifications in their aggregated decision and that they adopted a technique that only depended on one expert to analyze the risk events. The fault tree analysis technique has some advantages, such as providing visual representation to communicate the logic behind the occurrence of the risk events, identifying root causes of risk events, and creating proactive mitigation strategies.
Fuzzy logic (Zadeh 1965 ) is another technique that can be used in analyzing the subjective opinions of experts in assessing risk events (Nasirzadeh et al. 2008; Dikmen et al. 2007; Shaheen et al. 2007; Abdelgawad and Fayek 2011) . Elbarkouky and Fayek (2011b) have proven that fuzzy logic provides a clear methodology to aggregate experts' opinions linguistically to ensure that their final opinion is a result of common agreement in construction industry related problems. Furthermore, they provided a definite methodology to incorporate experts' qualifications. Also, Dikmen et al. (2007) developed a fuzzy risk assessment model to rate cost overrun risk in international construction projects. Their method was capable of dealing with the vagueness and imprecision relevant to the qualitative assessment process of risk events (Abdelgawad 2011) . This method however has some disadvantages, such as it does not explain the logic that may lead to the occurrence of the risk event, it represents the aggregated impact of different risk events as range of estimate, and it lacks the ability to define how much money is allocated to address each risk event. Table 1 summarizes the advantages and disadvantages of the different methods that can be used to assess risk events.
After analyzing the advantages and disadvantages of every method and defining the objective of the research at hand, fuzzy-based consensus models were chosen to solve the problem because they can be easily applied to experts' opinions at the stage of conducting subjective assessment of risks for prioritization purposes, where accuracy is not required as opposed to ensuring the quality of the data and experts and that experts mutually agree on their linguistic opinions. In this stage, experts are not concerned with obtaining precise outcomes as much as they are concerned with performing a proper standardized risk qualification assessment. Different Fuzzy-based consensus models have been developed that combined experts' importance weights with their consensus weights in aggregating their opinions. These models can be classified into three main groups: interval value methods, fuzzy preference relations, and fuzzy similarity measures. The interval value methods (Mallozzi et al. 2011; Tasur 2011; Dubois et al. 2000) have been criticized for three reasons: (1) the process is too long (Elbarkouky and Fayek 2011b) ; (2) they require a repetitive number of surveys; (3)the applied algorithms were considered efficient in dealing with predicted numerical values rather than aggregating opinions over a set of linguistic variables. Therefore, interval value methods are not applicable to solve the current problem of aggregating opinions in a linguistic framework. The second group utilizes fuzzy preference relations to aggregate fuzzy opinions by measuring consensus between experts in a consensus reaching process (Chen and Chao 2012; Elbarkouky and Fayek 2011a; Mindoline and Chomicki 2011; Xu and Cai 2011; Herrera and Herrera-Viedma 2000b; Herrera and Herrera-Viedma 2000a) . The preference relation method is criticized because it is an iterative process that requires performing many consensus rounds to reach the final opinion on a given alternative, which may not be the best solution for the problem at hand. The third group includes applying fuzzy similarity measures to aggregate experts' opinions (Le Capitaine 2012; Elbarkouky and Fayek 2011b; Rezaei et al. 2006; Lee 2002; Hsu and Chen 1996) . In the work of Elbarkouky and Fayek (2011b) and Hsu and Chen (1996) , the opinions of experts were represented by either triangular or trapezoidal fuzzy numbers. Subsequently, the similarity between fuzzy numbers was computed in a pair-wise manner, then the average degree of similarity between experts' opinions was determined (Lee 2002) . In this approach, the consensus weight of expert judgment is proportional to the degree of the average agreement of that expert to other experts. Hsu and Chen (1996) has been criticized by Lee (2002) because they assumed that the supports of fuzzy numbers should intersect; otherwise, the degree of similarity between opinions is zero. According to Lee, if all the fuzzy numbers representing opinions are disjoint, the aggregation process will not work. To overcome this limitation, Hsu and Chen proposed that if this is the situation (disjoint), a Delphi technique can be used to convince experts to provide opinions that entail overlapping supports. However, this approach may be subjected to bias (Elbarkouky and Fayek 2011a) , which can be solved using fuzzy distance measurement if the supports do not intersect (Lee 2002 ).
Subsequent to the aggregation of qualitative opinions, the final step is prioritization of risks, based on expert judgment. Various authors have used the matrix approach in prioritizing risks. KarimiAzari et al. (2011) studied risk assessment models for the selection of construction projects, using the matrix approach. No need for statistical distributions of the output and inputs.
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Foong and Nordin (2010) developed a decision support system for alarm rationalization using risk assessment matrix. Markowski and Mannan (2008) described a procedure for developing a fuzzy risk matrix that may be used for emerging fuzzy logic applications in different safety analyses. Another study, conducted by Robert (2004) , described a three dimensional approach for qualitative risk assessment by introducing a third dimensional axis "probability of consequence" that converged the risk matrix into a risk cube. Ghaffar et al. (2004) studied the three dimension combined approach matrix in a priority-setting exercise which was based on three equally important pillars: process, tools and context. Cheng et al. (2009) utilized the risk matrix to identify the key risk events for private companies participating in government projects in China, and to provide a basis for risk prevention. Finally, Waston (2004) studied risk assessment using three dimensions of probability, impact, and level of detection, which showed advancement in ranking risks, qualitatively.
Based on the above, fuzzy consensus qualitative risk analysis (FCQRA) framework is proposed in this paper to identify and aggregate experts' linguistic ratings of risk factors in real estate projects of developing countries in three dimensions: probability of occurrence, impact, and level of detection. Section 3 summarizes the objectives and main contributions in relation to the identified gaps of the above literature review.
OBJECTIVES AND CONTRIBUTIONS
The main objective of this paper is to develop a FC-QRA framework to identify, classify, and rank risk events for real estate projects, which is applied to developing countries, using three-dimensional prioritization approach in order to produce a prioritized list of qualified risk events. The framework adopts a fuzzy distance measurement consensus algorithm that aggregates the opinions of experts in evaluating risks. The following is a list of the academic and industrial contributions of this research:
i This framework introduces a novel risk management methodology that can assist experts in qualifying risk events linguistically using natural language, which is much easier for experts to use at this initial stage of the risk management process. ii The proposed framework utilized FES to determine importance weights of risk management experts, based on their attributes that helped determining their qualifications in a systematic approach. iii It incorporated a fuzzy aggregation algorithm to prioritize risks in a fully supported linguistic environment, which is very applicable to the initial stage of conducting risks qualification analysis and it addresses the vagueness and imprecision inherited in the risk assessment process. iv It determined a consensus weight factor for each expert that is based on the proximity of his or her opinion relative to other experts on the scale to ensure that experts' final decision is a result of common agreement, which is essential to ensure the quality of the collected data from the qualified experts. v It modified the similarity aggregation method to allow for the aggregation of non-over-lapping experts' opinions, using proximity of experts' opinions instead of their vertical similarity, which enhances the usage of the fuzzy logic consensus approaches and it supported the creation of membership functions to represent the opinions of experts regarding risk factors. vi It utilized a new three-dimensional matrix approach, using fuzzy linguistic rules, to prioritize critical risk events affecting real estate projects, which included a level of detection dimension that was recommended by Waston (2004) .
METHODOLOGY AND FRAMEWORK DEVELOPMENT
The development of the FCQRA framework is performed in seven steps as depicted in Figure 1: (1) identify critical risk events impacting real estate projects in developing countries; (2) create fuzzy linguistic rating scales, through which experts can rank different risk events, according to their probability of occurrence, impact, and level of detection; (3) collect experts' linguistic assessments of the risk events, using risk survey questionnaires; (4) apply FES to determine the importance weight factor of each expert participating in the decision-making process; (5) apply the fuzzy distance measurement algorithm to aggregate experts' linguistic opinions by combining their importance weight factor with their consensus weight factor and use the Euclidean distance measure to determine the possible linguistic term that best describes the criticality of each risk event; (6) apply the three-dimensional prioritization approach that utilizes specific linguistic ranking rules to produce a prioritized list of qualified risk events; (7) validate the model using a case study in Egypt through a three-step Delphi approach, which is verified statistically. Each step of the general framework is illustrated in detail in the following sub-sections.
Identifying Risk Events
Literature review and interviews with fifteen experts with a minimum of ten years of experience in real estate projects in developing countries, including Egypt and other developing countries in the Middle East region, were conducted to identify relevant critical risk events. These experts had high level of experience ranging between ten to twenty years in both the real estate development project and risk management in developing countries. Other different demographic information of experts, such as their role in their companies, academic record, and diversity of experience were collected during the interviews. This step resulted in categorizing twenty seven risk events in five groups, based on experts' recommendations (Table 2 ).
Creating Fuzzy Linguistic Rating Scales
This step involves the creation of the fuzzy linguistic rating scales of the three risk rating components: probability of occurrence, impact, and level of detection. It also determines the universe of discourse of each scale and its relevant linguistic terms to enable experts to rate the risk events. The guidelines set by Herrera and Herrera-Viedma (2000b) recommended using odd rating scales that are composed of five rating points to represent each of the three risk rating components. In order to create the risk rating scales, interviews were held with the same fifteen experts. The linguistic rating of the point1 on the scale is determined as "very low" (VL),2 as "low" (L),3 as "moderate" (M), 4 as "high" (H), and 5 as "very high" (VH). Further interviews were held with the experts to decide on the values of the elements of the different scales, using the Delphi technique. The results of experts' interviews are illustrated in Table 3 .The experts recommended one rating scale to represent the probability of occurrence, one scale for the level of detection, and four different Elbarkouky and Fayek (2011b) , the replies were counted in terms of frequencies of responses P (x i ) to the total number of responses (N ) for every element x i to calculate its membership value A(x i ), which enabled creating preliminary non-uniform shapes of each MF. Finally, using an interpolation technique, the sum of errors was computed between the membership values of the elements of the non-uniform shapes and those of proposed triangular or trapezoidal standard shapes, on a linear piece basis (Marsh and Fayek 2010) . The standard shapes of the MFs that resulted in the least sum of errors were determined to best fit the non-uniform shapes (Elbarkouky and Fayek 2011b) . Triangular and trapezoidal membership functions were used as they are the simplest possible models of grades of membership as they are fully defined by only three or four parameters (Dubois et al. 2000) . Figure 2 illustrates an example of the final shapes of the MFs of the Risk Impact Group 3.
Questionnaire-Based Survey to Rate the Identified Risk Factors
In order to collect the opinion of experts regarding the risk factors, a questionnaire-based survey is prepared. The questionnaire is divided into two main sections. The first section enquires about the demographic information of the expert, such as name, diversity of experience, role, years of participation in risk management process, years of experience in real estate projects, and academic record. Those attributes assisted in developing the FES to calculate the experts' importance weight in 4.4. The second section of the questionnaire is divided into three main sub-sections, enquiring about the probability of occurrence, impact, and level of detection of each risk. For example, in subsection 3, the experts were asked "What is the detection (level of control) for each risk event?". The data collected was then analyzed using the fuzzy distance measurement algorithm (4.5).
Determining Qualifications of Experts Using FES
The FCRQA Framework incorporates the qualifications of experts in aggregating their opinions, based on essential qualifications attributes. FES (Figure 3 ) was included in the FCRQA to determine the importance weight of experts which is then introduced to the fuzzy distance measurement algorithm to aggregate experts' opinions and ensure that their final decision is a result of a common agreement, using the modifier (β) that allowed to emphasis the normalized weight of experts versus the consensus weight in the aggregation algorithm. The FES was built in FuzzyTECH , which is composed of a model interface, a knowledge base, and an inference engine. The knowledge base consists of fuzzy if-then rules that connect the inputs to the output and a method that defines the MFs. Both the input and output variables are described by linguistic terms, and represented by MFs in the FES. The inference engine fuzzifies the input, performs fuzzy operations on the rules, and defuzzifies the output. Six qualification input variables were implemented in the FES. The variables "years of experience in real estate projects" indicates the years of experience experts have in the real estate industry. The variable "diversity of experience" determines the diversity of experience of an expert in working with various owner's and contractors' organizations. The variable "role in the company" indicates the managerial skill level of an expert. The variable "years of participation in risk management" indicates the years of experience experts have in risk analysis. The variable "academic record" indicates the extent of which the level of education can affect his or her experience positively. The variable "willingness" indicates the experts' potential to contribute to the evaluation of risks. The output variable of the FES is the importance weight factor for each expert, which is defined on a continuous scale from 0 to 1. Table 5 shows an example of qualifications of three experts, and their respective importance weight as computed by the FES. The details of constructing the FES, expert rules, and FES validation process are described in the work by Aboushady et al. (2013) . 
Fuzzy Distance Measurement Approach to Aggregate Experts' Opinions
This step explains the algorithm used to aggregate experts' opinions, which modifies the work by Lee (2002) who used optimized distance measurement and that of Elbarkouky and Fayek (2011b) who used vertical similarity. First, let A = (a 1 , a 2 , a 3 , a 4 ) and B = (b 1 , b 2 , b 3 , b 4 ) be two trapezoidal fuzzy numbers on a hypothetical rating scale. The absolute distance between A and B is computed as
where p equals 2, A and B are trapezoidal fuzzy numbers, a i and b i are the elements of the fuzzy numbers, and i ranges from 1 to4. The next step is to compute the similarity between A and B S(A, B) = 1 − (D(A, B))
where S is a similarity in opinions between the experts whose opinions are represented by the two fuzzy numbers, D is the absolute distance between the elements of A and B on the scale, P equals 2, 0 ≤ S(A, B) ≤ 1, and U is the universe of discourse which is defined as
where max(U ) is the maximum value of the universe of discourse, and min(U ) is the minimum value of the universe of discourse on the scale. The next step is to compute the average agreement degree (AAD) for each expert by averaging the degrees of similarity of each expert (i) with respect to other experts using Eq. (4).
where n is the number of experts, and A and B are two fuzzy trapezoidal numbers selected by experts i and j.
The next step is to compute the aggregation weight (AW E(i)) of each expert (Eq. (5)).
where AAD(i) is the average agreement degree of expert (i) , and n is the number of experts.
The next step is to calculate the consensus degree index (CDI(i)) of each expert, using Eq. (6), which combines his or her aggregation weight (AW E(i)) with his or her normalized importance weight (w i ), based on the expert's qualifications, as determined by the FES. A modifier (β) is used to either emphasis the normalized importance weight (w i ) of an expert, if β is set to 1, or AW E(i), if β is set to 0.
It is to be noted that the total CDI sums to 1.00. The next step is to calculate the aggregated fuzzy number (R) for each risk event which equals the sum of multiplication of the CDI(i) of each expert by the fuzzy number R(i) that represents the expert's fuzzy opinion (Eq. (7)).
The final step is to determine the criticality of each risk event, linguistically, based on its aggregated probability of occurrence, level of detection, and impact by defining the relevant standard fuzzy rating on the scale that best represents the aggregated fuzzy number R. This is achieved by measuring the Euclidean distance (Heilpern 1997) between the quadruple (r 1 , r 2 , r 3 , r 4 ) of the aggregated fuzzy number R and that of a hypothetical three standard fuzzy ratings Y (k), using Eq. (8), where p = 2 for the Euclidean distance measure, n = 4 because each fuzzy number is represented by a quadruple, and Y i is the corresponding number forming the quadruple of each of the three standard fuzzy ratings Y (k) on the scale.
The linguistic term that best describes the aggregated fuzzy number (R) is the one defined by the standard fuzzy rating Y (k) of the minimum Euclidean distance R on the scale. 
Qualitative Risk Analysis Using Threedimensional Prioritization
Based on the fuzzy expert prioritization rules proposed by Abdelgawad (2011) , fifteen fuzzy prioritization rules out of 125 rules of Abdelgawad (2011) were most applicable to the case at hand (Table 6 ). These rules determine the linguistic criticality of risk events that combines the effect of their probability of occurrence, impact, and level of detection. Table 7 illustrates a criticality assessment example of three risk events after applying the previous rules. Subsequently, a threedimensional priority representation (Waston 2004) aids in visualizing the linguistic criticality of risk events. In this representation, the probability of occurrence is presented on the X-axis and ranges between very low to very high; the impact is presented on Y -axis and ranges between very low to very high; and the level detection is presented on the Z-axis and ranges between very high and very low, as a "very low" detection level of risks is considered the most critical on the level of detection scale.
MODEL VALIDATION AND CASE STUDY
The real estate construction industry plays a vital role in leveraging the Egyptian economy. It contributes to the Egyptian government budget with 34 billion EGP on average per year (Alexandria Bank Economic Research 2012).Due to the high level of uncertainty and large number of risks associated with the construction industry in Egypt, as well as the current political and economic difficulties facing its real estate sector after the Egyptian revolution of the 25th of January 2011, there is a great need for applying a consistent and reliable risk assessment methodology that can help project teams in identifying and prioritizing the risks associated with their projects in a qualitative manner. This methodology should enable real estate project teams to produce a list of prioritized risks that addresses the inherent vagueness and imprecision of the risk qualification process. The FCQRA framework was applied in this case study to achieve the above objectives. In order to test the model, the twenty seven risks that have been previously identified in step 1 of the framework were introduced to thirty five Egyptian real estate experts to solicit their opinions regarding the linguistic criticality of the risk events that would affect their real estate development projects. The survey was conducted using the fuzzy linguistic rating scales (step 2) and questionnaire-based surveys (step 3). The experts were carefully selected to possess different levels of experience, represent different sizes and types of real estate construction projects, and maintain different experience levels in the risk management process. For example, the majority of the experts had real estate project experience that ranged between16 to 20 years; academic record that included holders of bachelor degrees, master degrees, and PhDs; diversity Table 6 . Most used fuzzy prioritization rules (FPR) No. "IF Probability of Occurrence is" AND "Impact is" AND "Level of Detection is" THEN " of experience that ranged between medium and very high; role in company that included senior engineers, project managers, and consultants; and years in risk management that rangedbetween10 to 20 years. The fuzzy expert system (step 4) assisted in determining an importance weight factor of each of the thirty five experts, based on the values of their qualification attributes. The fuzzy distance measurement approach (step 5) was then used to aggregate experts' opinions, which ensured that their linguistic assessment of the criticality of risk events is a result of their common agreement. Table 8 illustrates the results of the risk prioritization process after applying the threedimensional prioritization approach, which was also useful in providing a visual representation of the results in a three-dimensional space ( Figure 4 ). As illustrated in Table 8 , risk events (F, G, H, M, O, P, and R) received the highest criticality ranking "Very High". In order to evaluate the validity of the model, a threestep Delphi technique was conducted with a group of real estate development project managers in three rounds to rank different risk events associated with their actual real estate projects according to the criticality of the risks to their project objectives. Then the actual results were compared to results of the model and the percentage error verified how close the model's output was to the actual results in the projects.
First, fifteen real estate project managers were selected who had levels of experiences that ranged between 10 to 20 years in the real estate industry. The types of the real estate projects that were used in validating the model were multi-storey residential buildings, administrative buildings, shopping malls, townhouses, and single-storey villas in different cities of the Greater Cairo in Egypt. A five-point linguistic rating scale was used by the experts to determine the criticality of the twenty seven risk events, where 1 means "Very High", 2 means "High", 3 means "Medium", 4 means "Low" , and "Very Low".
In the first Delphi step, survey questionnaires were sent to the experts. Experts were asked "Based on your existing project, please evaluate (Rank) the following risk events according to their 'Criticality' to your current project objectives" and were also asked to justify their ratings. After conducting statistical analysis of the results in step 1, both the responses and the statistical results were sent back to experts (anonymously) to perform the second step. The process was repeated in the second and third Delphi steps until consensus was achieved among experts. The statistical analysis of experts' ratings determined the mean, median, mode, standard Deviation, standard Error, and 95% confidence range in each of the three steps to advise on whether the opinions were converging or not. The 95% confidence range indicated the reliability of the estimate, using a significance level of 0.05 in the current study. The standard error was computed to measure how much the mean of different samples was expected to vary from the population mean, owing to the chance error in the sampling process, which was computed by dividing the standard deviation by the square root of the sample size (N ). According to (Montgomery et al. 1998) , computing the standard error implies an acceptable agreement among experts. Abdelgawad (2005) demonstrated that the calculated standard error is to be compared to 0.2, as this value indicates a relatively precise point estimate of agreement among experts on the results (Shen et al. 2001) . Thus, in the threestep Delphi, the required level of consensus was set to be achieved when the standard error was less than or equal 0.2. Table 9 demonstrates an example of 2 risk events (M and T ) and illustrates the results of the statistical analysis of the experts' feedback in each of the three steps of the Delphi approach that showed that the standard deviation and the Standard Error have decreased in every step until a target standard error of less than or equal 0.2 was reached. As illustrated in Table 9 , risk event M had a standard error of 0.153, which indicated that experts reached consensus on the criticality level of that risk event in the third step. The standard deviation of the risk event M was 1.207 in the first step, 0.834 in the second step and 0.594 in the third step. This indicated that experts did not reach consensus in the first step, yet a better collective agreement was reached in the 3th step. The same conclusion can be drawn for risk event T .
In the first step, consensus was reached on fifteen risk events out of the twenty seven risk events. The target consensus level was not reached on twelve risk events, which are shown in bold in Table 8 . In the second step, experts agreed on the criticality level of seven risk events, while the required consensus level was not reached on five risk events (labeled with an asterisk in Table 8 ). After the third Delphi step, consensus was reached on the criticality level of the 27 risk events. In order to overcome the challenges associated with the use of the three-step Delphi technique, some measures have been taken to reduce bias and ensure quality of the data. First, the number of experts involved in the process was fifteen experts with a relevant experience of at least 10 years in developing and managing real estate projects. According to Hallowell and Gambat- ese (2009), "most expert Delphi panels used in past studies have incorporated between 8 and 16 panelists". Second, experts belonged to different real estate developers and construction companies and the examined projects were located in different districts. Third, the questionnaires were completed individually and anony- Figure 4 . Visualization of the risks using three-dimensional prioritization approach Step 2 Step 3 Step1
Step 2
Step mously, which helped reducing some forms of bias in opinions and increased the confidence in the quality of the collected data.
The last validation step was to compute the average % error between the FCQRA model criticality rating and the experts' criticality rating of the risk events (Eq. (9)).
Model Rating i − Actual Rating i Actual Rating i | n × 100
where n is the number of experts, M odel Rating is the output criticality result of the FCQRA model for each risk event i, while the Actual Rating is the corresponding linguistic criticality rating of each risk event, based on actual projects' data. The average percentage error was computed as 2.22%, which is relatively low, as only three risk events out of the 27 showed variations between the model's output and the actual rating of experts. Those were risk events "D", "P " and "L", for which experts were asked to justify such variations. For example, for the risk event "L", experts argued that due to the tough economic situation that Egypt is currently facing, the government stopped its plan to support construction of real estate projects and directed financial institutions to restrict or stop financing construction companies, which caused a huge reduction in percentage of selling real estate units, and caused an increase in the issue of housing deficit in Egypt beyond expectations.
CONCLUSIONS AND FUTURE WORK
A FCQRA framework was developed in this paper to prioritize risks encountered in real estate projects. The framework incorporated consensus and quality of experts in the process of evaluating risk events affecting real estate projects using a combination of research tools and analysis techniques, such as: literature review, expert interviews, structured surveys, fuzzy consensus aggregation algorithm, fuzzy expert system, and a three dimensional prioritization approach. Risks were identified through literature review and experts' interviews and were prioritized using a three dimensional prioritization approach. The model validation was conducted using three-step Delphi technique to check the results obtained from the model against actual results of real estate projects. The research study have contributed to both the theoretical body of knowledge and the real estate industry as follows: (1) The framework solved a major problem for project teams in developing countries to qualitatively evaluate risks in a fully supported linguistic environment, using fuzzy logic, which addressed the vagueness and imprecision that existed in the decision-making process of evaluating risk events; (2) It provided an improvement over previous consensus-based models, which relied heavily on making arbitrary assessments of experts' qualifications in aggregating their opinions, by (1) modifying the similarity aggregation method to enable the aggregation of non-overlapping opinions, using proximity of experts' opinions instead of their vertical similarity, and (2) determining the quality of experts in the risk evaluation process through their importance weights that was determined using FES, based on specific qualification criteria and expert rules instead of subjectively assessing such weights; (3) It applied a three dimensional prioritization approach and utilized linguistic expert rules that enabled aggregating and visualizing risk criticality in a three-dimensional space. In the future, the highly prioritized risks will be introduced to a quantitative risk assessment model that utilizes fuzzy event and fault trees risk quantitative analysis that is currently under preparation.
